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Abstract

In this paper we present @ view of the overall process of application developinent for real-
world classification and regression problems. Specifically, we identify, categorize and discuss the
various problen-specific factors thatinfluence thiis process.

1 Introduction

This paper considers the process of training a model {ro1ndataandthe issues involved in solving
real-world prediction problems. A's referred Lo inthis paper, models arc considered to be either
classification orregressionmodels. Application development is the overall process of applying a
particular model (froma family of candidate modcls) to a domain-specific real-world classification
or regression problem. The paper characterizes the application-development process and identifics
the primmary factors which influence the process.

What arc the factors whichinfluecnce the selection of a model for a particular application? While
predictive accuracy may well be the mnain criterion for certain classes of practical classification and
regression problems such as optical character recognition and spccchirecognition, we shall scc that
there arc nuincrous other factors which influence the sdlection of a model for particular real-world
probleins.

The purpose of this paper is to explore the process of application developient beyond the
traditional limits of predictive accuracy and understandability criteria, which tend to dominate
the rescarch literature. Inparticular, the paper identifies the many factors whichin practice
affcct application developinent and organizes these factors in a meaningful manner. Whether the
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Pigure 1: The application development process.

paper is successful or not in this endeavor must be judged by the reader: since these criteria are
intrinsically gqualitative innature there is necessarily a subjective bias in the manner in which ideas
arc presented. The ideas as presented should assist practitionersin identifying salicnt criteria as
they try to match general-purpose techniques and algorithms developed under rescarch conditions
with the particular vagaries of specific red-world classification andregressionproblems. in addition,
the factors identified as part of the overall application development process should spur interest in
the rescarch community inthe many practical issues which exisi beyond the traditionally narrow
scope of classical rescarch in machine Jearning and patiern recognition.

T'he ideas presented have evolved fromthe authors cxperiences withthe practical application
of classification) methodsto real-world problems. As the various factors arcidentifiedand discussed,
references will be made to particular applications (and published results whenever possible) where
thesc issues have arisen.

The original motivation for developing a “big picture” of the application developinent process
was partially inspired by the notions of meta-data analysisin statistical strategy modeling (ITand,
1993; lland, 1 994) where similar ideas have heen explored in the context Of understanding the

overall process of fitling statistical models to data.

2 The Application Development Process

The process of developing aclassificationor regression application is typically iterative in practice
and involves the consideration of various constraints and criteria. Iigure 1shows the four primary
steps of this iterative process. The dotied arrows indicate that the process is iterative in nature.
The four primary sicps consist of:

1. Analysing the problem, whichinvolves identifying t he relevant dommain factors, data factors,
and human factors.

2. Sclecting aparticularinodeland algorithm based 011 matching the identified problem-specific
factors (Step1) to the general characteristics of the models and algorithms under considera-




tion

3. Analysis of the test results resulting from the sclected model and algorithin. For most appli-
calions, a first stab at sclecting an algorithin dots not lead to the final solution, but rather
provides more data for re-analyzinig the problem objectives and constraints, Indeed for any
p roblems, mmany of the constraints canbe altered, Yorexample, oncmay beableto collect
more data, which can change the ratio of problem dimensionality 1o s ample size, which inturn
influcnces the model and algorithin that one selects. Similarly, the analysis of the results of
a particular algorithm can cause oncto revise one’s objectives. For example, although modecl
understandability inight initially havescemed like a pritnary goal, inthe face of causing a
significant loss of prediclive accuracy it mmay become less important.

4. Finally, assuming the model satisfies the overall objectives of the project in a reasonable
mannecr, the developed system is deployed inanoperational environnent.

In the next three sections we describe the steps of problem analysis and determination of relevant
factors, modcland algorithm sclection based on these domain-specific factors, and itcration between
analysis of Lest results and the first two steps before final operational use.

It is interesting to note that one can identify two common types of applications: (1) generic
applications such as speecl | and optical character recog nition (OCR) where diflerent instances
of thic problem sharc inany of the same characteristics, and (2) specific applications such as the
classification of sky objeclsinastronomical images into the classes of star or galaxy (I'ayyad,
Smyth, Weir & Djorgovski, 1995). For generic app lications | there is a continuous iterative process
of application development whichinay last dccades (as inspeech)andtechniquesand results arc
shared by many groups working onthe samc problem. 1n contrast, specific applications tend to
have a much shorter time-framme of development (on the order of 2 years or less) and the resulting
techniques tend not to be as transferable.

3 Analysis and Identification of Problem-Specific Factors

The first step in the app hication development process is to analyze the problemn and identify factors
which arc relevant to model and algorithin sclection.  Inlater sections we discuss the process
of matching these domain-dependent factors to general domain-independent model and algorithm
characteristics.

At a high level one can identify three pritnary problcm-dependent factors which affect how a
modecl and algorithm arc cl rosen. Vor cach primary factor onc canidentify various factors and
criteria which are of relevance. These factors all into two groups: those that can be altered (such
as acquiring more data) and those that cannot (such as the constraint that thie classifier must
be eibedded within a larger system andinust produce cstimates of class probabilities given the
feature data). ‘The three pritnary problem-specifi¢ factors arc:

1. Domain Criteria and Factors:
Thisincludes the overall objectives of the project, the amount of domainknowledge available
about the problem, and operational factors which dictate how the inodel will be used in
practice.

2. Data Factors:
One of the significant differences between academic rescarch and practical applications is in
terms of how the data is collected. The rescarchier typically says “just sendine a file of




3.

labeled feature vectors ona floppy disk and 1711 apply algorithm X whereas in practice the
[llodcl-builder is actively involved in the definition, acquisitionand labeling of feature data,

Human Factors:

Who is the model-builder? Who is the customer /user? Who is the domain expert? Arc these
the same or different people? Tn acadeinic rescarch the rescarcher “plays” all these roles in
an artificial cnvironment. In real applications there may be many different people involved
with different levels of knowledge about the problem and the techniques being used.

In the remainder of 1his section we discuss innore detail the factors for cach component
providing pointers to real-world app lications where appropriate.
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3.2

Domain Criteriaand Factors:

Objcctives:

What is thic purpose of the application? |s the objective to test and ficld an operational
model with high predictive accuracy? Is it a proof-of-concept? Or a statistical study of
the potential effectiveness of competing models? 1 requently the objectives are not made
explicit at the start of a project which can comproinisc the whole application development
process- this same problem is discussed inthecontext of statistical analysis by (Hand,1994).

Domain (Prior) Knowledge:

Arc the features for the problen well-defined or is featurc extraction part of the problem?
(Frequently inimage analysis it is a major part of the overall classification problemn (Fayyad,
Smyth, Weir & Djorgovski, 1995)) What is known about the features (attributes) and classes
individually? What is known about their relationships? Arc they causal or correlational? Is
there a well-defined distance metric between the features? What is known about the sampling
process? About the measurement p rocess? Can the prior knowledge be expressed in precise
quantitative formssuch as prior densities and distributions? Is there a single domain expert?
If there arc multiple experts how well do thiey agree?

Opecrational Factors:

| low will themodclbe used in practice? Will training data beavailable online for updating
themodel? Doces this consist of labeled or uulabeled data? Will themodel require retraining
by opcrational personnel? Arve there computational requirvements for speed and accuracy?
(For example, I, is currently considering the usc of image recognition algorithins for usc
onrobotic spacceraft visiting plancts of the solar system: clearly there are severe restrictions
011 the computational demands of any such algorithms). Will there just be a single model
produced or will there be many thousands (in which case average modcl performance may
be more relevant than worsi-case)? What arc the actual loss functions involved? Isthere a
known loss matrix for classification decisions? Isit stationary over timce? Is the model to be
integrated into an overall systemnor is it astand-alonc application?

Data Factors

For real applications, data is rarcly collected and labeled inadvance: sampling schiemes, labeling,
missing data, feature representation arc al items over which thie practitioner can exert some control
bul al som c cconomic cost. The primary data factors arcas follow’s:



1. Data Representation:
How arc the features (attributes) represented: in continuous, discrete, categorical, hierarchical
form, or some mixture of these forms? What is the dimensionality (the number of features)
of the problem? 1s {hic number of features fixed or variable? What is the form of the class
variable? Arc {)ie clagses mutually exclusive, mutually exhaustive? I fault detection, classes
may be neither exhaustive nor exclusive (Smyth, 1994b). Hlow many classes arc there? For
example, m speech and OCR applications there can be thousands of classes.

2. Data Sampling:

I's there missing data? I'or the feature values or 1he classes? Is the available data a true random
sample from the underlying population? If not is the sampling method known (e.g., a fixed
number of sainples per class)? What is the size of the training set? Is there incasurement
noisc or outlicrs in the features? If so can tlisnoise be characterized? Arc the class labels
reliable’f 1f not can the uncertainty be quantified (for example, in remote sensing applications
the image data arc often subjectively labeled afterincasurcment by a human expert -- for
some applications this labeling process can be quite noisy as described in (Burl, I'ayyad,
P’crona, Smyth & Burl, 1 994))? 1s thecamount of training data fixed inadvance or al the
discretion of the user? Can the underlying density function be considered stationary over
time?

3.3 Human Factors

Human factors can be difficult to assess and require cflort to identily properly. ‘J here arc three
different sets of participantsin a typical application:

1. Model Builder(s)
2. Domain Iixpert(s)
3. Iind-User(s) or Customer(s).

Typically these three sets of participants consist. of multiple different individuals. AL the other
extreme al three sets consist of one person (this is rare in real operational applications).

For each of these sets of individuals one must consider their knowledge of the specific problem,
its factors, and of the general model/algorithm characteristics. A | so relevant arc their preferences
and biases, their experience, and the “culture” of the particular problein domain (such as the degree
of statistical andmathematical rigor expected insystem design and valid ation).

Modecl selection for real app lications is often carried out by individuals who arc not experts in
machine learning or patternrecognition algorithins: as such, one criteria is that the method be onc
they can trust (and understand), which imay lead to using methods that do not necessarily obtain
the highest predictive accuracy. One such example is the MultiSpee system (Landgrebe & Bichl,
1994), which is a data analysis system intended for multispectral iinage data, sucll as that from the
Landsat scrics of Earth Observational Satellites. MultiSpec’s classification] method is well-known
and simplc it uses maximum likelihood discriminant analysis. The authiors of MultiSpec have
purposcly kept the choice of model classes in MultiSpece sinall due to the human issue of not wanting
MultiSpee to be ablack box. Their users (who are mostly geographers and climatologists) arc not
up to date in the latest pattern recognition /M1, techniques and would be wary of relying on such.



4 Model and Algorithm Selection

In this scetion we first describe the gencral domain-indepen dent characteristics that define a “learn-
ing algorithm.” We then discuss how interactions between the factors presented in the previous
scction can influence the model and algorithm sclection process. The process of model selection
involves matching the domain-dependent factors described in the previous section to the domain-
independent characteristics described Mow.

4.1 General Characteristics of Learning Algorithms

Onc of the more confusing aspects of lcarning algoritinns is that there is such a varicty of different
algorithims published in the literature- when teaching machine learning or pattern recognition it is
obvious that thie student is easily confused by the bewildering nuinber of available algorithms and
methods. A useful “reductionist” view is the following: cvery learning algorithm canbe viewed as
consisting of the specification of the following three components:

1. Model Representation:
What is the functional forin of the modcl(s) being used by the algorithm? i.e., if the model
can be expressed as y = f(x, 0) where z is the input, O represents the model parameters, and
yis Lhe prediction of the model f given @ and O, what arc the representational properties of
the functional form of f7

2. Estimation Criteria:
Given a particular representation [, estimation tells us what criteria we will usc to evaluate
how well a particularsct of parameters O {it the data. It is important to note that represen-
tation and ecstimation arc scparate characteristics of a learning method and can be treated
relatively independently (Cheescinan, 1990).

3. Search Method:
Iinally, given both a representational form (or a set of such forms)and an estimation criterion,
the scarch methodis the algorithmic specification of how the paramecters and functions] forms
arc fit to the data.

This three-component characterization (Buntine & Siyth, 1994; Fayyad, Piatetsky-Shapiro
& Smyth,inpress) is useful for identifying the distinguishing problein-relevant characteristics
of diflferent learning algorithis. Tor example, univariate decision tree methods can be viewed
as consisting of (1) hicrarchical piccewise constant mappings (representation), (2) likelihood and
cross-validation criteria for node and tree select ion (estimation), and (3) various greed y growing
and pruning strategies (scar ch). Similarly, feed-forward ncural networks consist of (1) nonlincar
mappings (representation), (2) likelihood-based objective functions (estimation), and (3) greedy
gradient descent methods for weight sclection (scarch in paramcter space). Thus, the primary
differentiating characteristics between decision trees and neural networ ks lie in their respective rep-
resentations (trees arc more understandable but networks possess more flexible functions] forms).

Vor cach of the three primary characteristics thicre arec numcrous sub-characteristics. In rep-
resentalion onc is interested in the form of data that the inodel can handle (continuous, discrete,
categorical, or all of thesc),theexplanatory power of the model, the functionapproximation capa-
bilitics of the model, the form of the output of the model (class labels, posterior class probabilitics,
cte.),and so forth.

Under estimation the typical characteristics include: the sensitivity (or robustness) of the es-
timation eriterion for a particular model as a function of sample size and as a function of the



dimensionality of the problem; the underlying assumptions of the estimation criterion (probabilis-
tic, logical, independent sampling, etc.); and whether the estimation imethod can be applied auto-
matically or requires some input fromanexpert user (c.g., Bayesian estimation methods typically
require greater care onthe part of the algorithin user thanmaximum likelihood mcthods).

Search characteristics include: the basic scarch methodology (greedy, cxhaustive, hill-climbing,
cle); the size of the scare]) space under consideration; the complexity of the search, whether it is
Just paramecter scarch or also involve s a scarch over modcl structures; the easc of use of the method
(whether it requires manual supervision); and thie time and m emory complexity of the search.

4.2 Model and Algorithm Selection Based on Problem-Specific Factors

The particular problem defines the specific domain, dat a and human factors that constrain the
modclsclection process. Inthe typical application, thedomain factors (goals, prior knowledge, and
operational issues) and human factors of a problemarc often relatively fixed constraints, whercas the
modecl-builder often has some latitude interms of trade-oils involving data factors. An additional
constraint that impacts the success of the model sclection step is the model builder’s knowledge
aboul the domain-in dependent characteristics of the available learning algorithms. For example,
if it is known that many of the features describing the data mnay beirrelevant, then an algorithm
which performs feature sclection (pruning) will beappropriate. In order to select suchan algorithm
the user must know which of the available algorithins perform this task (either explicitly as inthe
case of a scquential backward climination process for linear discriminant functions, or implicitly as
in a decision tree),

To sclect an appropriate lecarning algorithm onc must know the aflect that different data set
characteristics have onthe success of thealgorithm for mecting the application objectives (Brodley,
to appear; Box, 1990; Lehmann, 1990; Linhart & Zucchini, 1986). I'or example, in the domain of
remote sensing, the cost of collecting labeled training instances is prohibitive.In addition, with the
recent advent of the AVRIS hmaging Spectrometer (which produces as many as 200 spectra] bands),
there is a dramatic problemn of too fcw training samplesin relation to the number of fcatures. For
such a problem the Illodcl-builder must understand the consequences of using particular models and
estimation mcthods in situations where there is relatively hittle data relative to the dimensionality
of the feature space.

Often human factors provide the overriding constraints that drive the model and algorithn
sclection process. For examnple, huinan factors played a large role insolving the problem of banding
in rotogravure printing.Inthis application process dclays (due to banding) were mitigated using
the control rules disc overed by decision tree induction (livans & IMisher, 1994). For this problem, the
primary objective was that the end result of a machine learning algorithin provide an opcerational
sct of rules; the rules were used to change the way that thie printing press is run.

Themodel builder aimsto select the algoritlim that maximizes the objectives of the problem,
given both the problem-depsendent factors and the domain independent characteristics of the avail-
able lcarning algorithis. Typically there is no one solution which simultancously satisfies all the
constraints and optimizes al of the objectives. A successful applicationis often onc which trades-off
the various competling constraints to arrive at a useful solution satisfying most of the objectives.

5 Process lteration

Inan ideal world, the finalsteps of the process (after ident ifying the domain-dependent factors and
sclecting a model and algorithin} arc to test the model and then field the system in an operational
cnvironment. Frequently, however, in real world applications afirst aticinpt at algorithin selection




dots nol provide satisfactory tleslresults. This leads toilerating the overall process where the
test results will suggest ways inwhichthe objectives and criteria of the project canbe altered or
relaxed.

Specific situations which frequently occur in practice include:

« The estimated predictive accuracy of the modclmay be too low. A variety of factors can
be examined: relevant variables for the problem are notl being incasured, important prior
knowledge is beingignored, alarger training set is needed, the dinnensionality of the problem
is too high, the sclected models aud algorithims arc inappropriate. For example, in (Burl,
Fayyad, Pcrona, Smyth & Burl,1994) analysis of the errors beingmmadeby a classifier trained
to detect small volcanos inimagces of Venus revealed that the class labels provided by the
domain experts were quite subjecliveinnaturcandthat there was considerable disagrecment
among cxperts. This led to a cornplete re-cvaluation of the overall problemn,including the
naturce of the collection of training data, the training of the models, and the usc of recciver-
operating characteristics for model evaluationin the absence of absolute ground truth.

o I'cst results can reveal systematic errors that can be modeled and accounted for in the mod-
cling process. IFor example, aninitialattemptat online fault classification) from time series of
large antenna pointing systemsignored the temporal aspect of the problem:theinitial results
suggested that an iinproved model could be obtained by embedding the initial classification
model within a time dependent model such as a hidden Markov niodel (Smyth, 1994a). The
nnproved modcl was subscquently adapted for usc.

e Yor s, applications, the initial results arc successful enoughinterms of predictive accuracy
that closer attention is paid to the possible operational deployment of the model, which in
turn can uncover new constraints. For example, inthe fault classification problemn mentioned
in the previous paragraph it was only after a modecl with suflicient predictive accuracy was
demonstrated that the real operational factors were scrutinized:inparticular, the nccessity of
being able to detect classes which were not present inthe training data was identified (Smyth,
1994D). This lead to further iteration throughihe modelsclection step of the process.

« The ap plication development process itscll may be designed to be iterative. Tuthe MultiSpec
system described carlier, the user and the systein interact to acliieve the best classification of
an image. The first step involves dala review in order for the user to gain familiarity with the
data set, allcastin part by viewing the data in color TR image form. The user thenidentifies
the set of classes to be discriminated (for a particular application, not all possible classes
will be of interest). Next the specific features to be used in the analysis must be identified
or calculated (this is typically done by the system, but canbe altered by the user). Finally,
ananalysis of the classifier buill from the hand-labeled training data is perforied and the
resulls arc evaluated using both quantitative and qualitative mcans. The results inay lead
the user to changethe Set.of classes of interest, changethe features to be used, or change
the analysis technique. The system was specifically designed to beinteractive, because the
acceplable results arc bothapplication and user specific, in particular, the definition of which
classcs arc of nterest.

. The initial results may force the project part icipanis to mnore carcfully evaluate domain-
dependent factors such as isclassifi cation costs. For example, incomputer vision, classifi-
cation is often an interimediate processing step rather than a final goal. In building a focus
of attentionmechanisimusing color and texture for triggering object matching routines, the
objective is to build a classifier thal inakes one-sided crrors. T'his objective arises becausc




it is less “expensive” to classify llon-object pixclsas object than classifying object pixcls as
non-object; missing the object is far more costly thanapplying a matching algorithm {o non-
object regions. In a particular application, road-following, a misclassificati on cost matrix was
initially specified and a cost-sensitive algorithim was applied to the problem(Draper, Brodley
& Utlgofl,1994). The results were unsatlisfactory, causing a revision of the misclassification
cost matrix. This process was iterated several timesbefore anoptimal cost-inatrix was arrived
upon.

These arc just a sample of many possible examples illustrating the iteraive nature of the applica-
tion development process. If the domain-specific factors and the learning algorithim characteristics
could bemodcled preciscly and their interactions predicted in a quantitative manner, there would
beno need for thisinteractive, iterative process: one could simply identify the optimal solution.
Howcever, because the eflects of interacting domain factors and algorithni characteristics cannot be
predicted, the practical approach is to explore the solution space in an experimental butl informed
manner.

6 Conclusion

Typically the rescarch community can make the strongest statements about algorithmic and mode]
characteristics, c.g., “under these assumptions, algorithm A will produce behavior Y. Howcever,
itis fair to say that very little considerationis givenin the rescarch literature to domain-specific
factors mcluding domain, data and human factors. While it is understandable that these issues
arc not the focus of much atiention given their qualitative aud imprecise nature, nonctheless it is
unfortunate that this is the case since In practical applications it is often the data and human issues
which ultimately dictate success or failure of a project rather than algorithmic and model issues.
In this paper we have cha racterized the overall process of application development for real-world
classification and regression problems and identified, categorized, and discussed some of the various
factors which influcnce this process. We sce the following potential benefits from this work:

« specification of a common framework to allow application developers to communicate and
identify issues involvedinthe application development process,

. provision of a “road-1map” for potential application developers, alerting the model-builder to
the many potentia lly important issucs which exist beyond the idealized rescarch environment,
and

o increcasing the level of awarencess in the rescarch community concerning the large variety of
factors which affect application developiment in practical situations. It is hoped that by
identifying these factors that rescarchers will be encouragedto take aninterest in addressing
some of the many practical issues described in this paper, inparticular, going beyond the
focus on the criterion of predictive accuracy which tends to dominate the rescarch literature
at present 1o the exclusion of most other issues,
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